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Abstract

Human knowledge can quickly learn any unfamiliar concepts based on what they
have previously learned. Keeping this in mind, researchers tested training mod-
els with limited training data in machine learning classification functions.One-shot
learning has proven to be effective in the researches of Computer Vision sector, as
it works accurately with a single labeled training example and a small number of
training sets. By using a single input example from each class, one-shot learning can
work more efficiently and quickly. For training the architecture of neural networks
to predict similarities between two inputs, one-shot learning employs the Siamese
network as neural network architecture. This architecture has been successfully
used for various audio-related problems, but its use of one-shot learning in speaker
recognition has received less attention. The goal of this thesis is to apply the con-
cept of one-shot learning to classify speakers by extracting specific features, where it
uses triplet loss to train the model to learn through Siamese network and calculates
the rate of similarity while testing via support set and a query set to recognize the
speaker accurately and faster. The proposed system is trained on the LibriSpeech
dataset, which contains different audio recordings of speakers. The final one-shot is
performed on few previously unseen classes, utilizing only a single sample of each
type while making the classification by extracting features from training data and
calculating the similarity ratio to recognize the speaker through the proposed model
trained by the Siamese network. As we tested for several classes, the accuracy var-
ied: for two classes, we got 100%, for three classes 95%, for four classes 84%, and for
five classes 74%, which is significantly better than the other algorithms we tested
for our solution. The results suggest that Siamese networks are a viable solution to
the challenging one-shot audio classification issue.

Keywords: Audio classification, Siamese neural network, speaker recognition, One-
shot learning, triplet loss.
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Chapter 1

Introduction

Human-computer interaction(HCI) approaches have been evolving for decades, and
the journey continues today as new technologies emerge on a daily basis. The
field of study in this area has continued to grow at a breakneck pace [88]. HCI
has expanded into the areas of problem solving and decision making thanks to
developments in computer technology and software design. One of the primary goals
of HCI is to make computer systems more user-friendly and useful. For the interface
between computer and human to work properly, speaker recognition has become a
crucial aspect of this field. Speaker recognition can be described as the technique
of recognizing a person based on the features of their voice. Given the speaker’s
distinctive pronunciation organs and speaking method, it is well established that a
speaker’s voice conveys personal features of the speaker. As a result, a computer
may automatically identify a speaker based on his or her voice. This allows for the
use of voice as a biometric in addition to fingerprint and retinal scans. In this paper,
we propose an efficient and faster speaker recognition model compared to the state
of the art models.

Related to the latest development in the area of smart devices, numerous research
has been undertaken on how to detect the speaker in order to provide a personalized
experience to its consumers. It is of great interest to the user that the machine now
can interact with others in the same way as a human would. As a result, there is
a rapid increase in the interest of accurately identifying the speaker with whom the
machine is conversing just based on their speech in a real-world situation [36][30].
However, in such cases sometimes a new user can arrive from whom the system has
never heard of. For example, a new user might call the automated customer service
of a mobile operator company and ask for his account details. A service system is
intended to accommodate these new users, which involves recognizing them by their
voice. Traditional speaker identification techniques, on the other hand, necessitate
retraining in every case when a new speaker is introduced [76]. This creates the
need of storing a huge amount of data and in most of the traditional systems many
voice samples at different periods from each speaker are required to accurately de-
tect a speaker [25]. This could be problematic for a speaker recognition system.
Deep learning, the branch of artificial intelligence that has had the most success in
speaker recognition, faces a number of obstacles, one of which is data. To do simple
tasks like recognizing audio samples of a speaker, deep learning algorithms are no-
torious for requiring a huge amount of training data. Also, the accuracy appears to
vary depending on the words and syllables spoken. Furthermore, employing GMM



[61], Vector Quantization [42], and Deep Neural Networks (DNN) [81], substantially
lower accuracies have been attained and when compelled to generate predictions on
samples for which there is little supervised information, these algorithms frequently
fail [47]. To overcome this barrier, we suggest a one-shot learning approach.
One-shot learning is a classification problem in which each class is given one (or
a limited number of) examples, which are used to construct a model, which must
then make predictions about many unknown examples in the future. Traditionally,
embeddings were learned using a Siamese network for one-shot learning problems.
Siamese networks that were trained with comparative loss functions performed bet-
ter, eventually leading to the triplet loss function.

The proposed model’s design is based on a Siamese Neural Network (SNN), a net-
work specialized to perform verification tasks. The Siamese network is a network
that has gained popularity as a result of its utilization in one-shot learning.In the
early 1990s, Bromley and LeCun employed Siamese nets to handle signature vali-
dation as an image matching problem [9]. A loss function connects two identical
neural networks with shared weights in the siamese network design [77]. The em-
bedding is learned by a siamese network by reducing the contrastive loss [21] [57].
The distance between the outputs of two identical inner neural networks is used to
define contrast loss. We first split our data set for testing and training. Then we
conduct our training phase using SNN.

During the testing phase, our model will predict a class/person using the class’s voice
sample and a support set that includes some classes with only one voice sample each.
Otherwise, if the system had compared the input with every sample of each class,
the procedure would have taken longer. Using this approach, we focus on making
our model faster and more resilient. Finding the similarities between two voice
samples provides the result of recognizing which known speaker the speech input
came from. Verification decisions are made by comparing the distance between the
feature vectors of both samples.

The authentication model developed in this study is capable of extracting appro-
priate audio features as well as a mechanism that measures the similarity between
the two inputs in order to identify whether the two recordings belong to the same
speaker. It can be computationally costly to learn good features for machine learn-
ing applications, and it can be difficult in situations when there is limited data [[47].
This is where our system becomes really useful. Because it is capable of finding sim-
ilarities between two features even with very few amounts of data. Our system is
expected to function spontaneously and at a faster rate. It will be able to recognize
the speaker more accurately and without causing the user any irritation.

1.1 Motivation

Voice recognition or speaker identification has been the subject of a lot of research.
Near-perfect accuracy has been discovered. This sector, however, does not end
there. To achieve that precision and accuracy, they must deal with large datasets
and a lot of memory. As a result, the amount of time required increases. So , we
wondered if we might decrease the requirement for a larger dataset, more memory,
and more time while still achieving accuracy comparable to state-of-the-art voice
recognition models like DNN. Furthermore, all traditional techniques test the classes
that have been previously trained, but our goal was to teach the computer how to



learn who it is rather than just learning who it is. As a result, the model is able
to detect classes that have never been trained or observed before. So, with the
help of our thesis supervisor, we devised a novel strategy for speaker identification
called one-shot learning-meta learning. Using accuracy matrix, positive similarity,
negative similarity, memory, and time complexity, we will compare our model to
other relevant machine learning models for speaker identification. The notion that
a new field of voice recognition will be launched together with an improved resource
management system prompted us to take action.

1.2 Research problem

Machine learning is the systematic investigation of scientific techniques that enable a
machine to replicate human learning processes without being explicitly programmed.
It also investigates biometric topographies to imitate a person’s identification learn-
ing processes. Machine learning has enabled the operation of biometrics identifica-
tion and has achieved significant advances in biometric pattern recognition. Various
methodologies aid in the title, classification, clustering, dimensionality reduction,
and recognition tasks required to develop biometric systems. The science of utiliz-
ing a person’s speech as a uniquely identifiable trait is known as vocal biometrics.
Speaker recognition has been one of the most intriguing and challenging in machine
learning and artificial intelligence. It is utilized in the domains of human voice
authentication for security and recognizing a person among a group of speakers.
We can use different ways to check or recognize the particular for authentication
or verification of the speaker utilizing Deep learning. According to [69], despite
recent breakthroughs in speaker detection, creating single, compact representations
for speech segments that we can use efficiently in noisy and uncontrolled environ-
ments remains a substantial difficulty. In [32], they introduce two novel speaker
verification algorithms that employ factor analysis as a feature extractor. The first
approach is built on Support Vector Machines, whereas the second relies only on the
cosine distance value as a final judgment score. In the process based on SVM for
verifying speakers, the score was low. Learning visual models of object categories
is notable for requiring thousands of training instances, owing to the diversity and
complexity of item appearance, which necessitates models with hundreds of param-
eters [18]. The same is true for audio classification and speaker identification, which
are computationally costly and unfeasible with minimal training sets. In [27], they
used audio data to train convolutional deep belief networks, which they then tested
on several audio categorization tasks. Their learned features frequently equaled or
surpassed MFCC features, which are hand-tailored to audio data, using a massive
amount of unlabeled data. Furthermore, even when our features did not exceed
MFCC, combining both allowed us to attain greater classification accuracy. How-
ever, because of a tiny dataset and expensive computation limitations, a one-shot
learning strategy utilizing a Siamese network is used to tackle the problem. In [47],
they investigated an approach for learning Siamese neural networks that use a unique
structure to prioritize similarity between inputs. They generated good results using
a convolutional architecture that outperformed previous deep learning models with
near-similar performance on one-shot classification tests [47]. Having a solid under-
standing of similarity learning, Siamese Network is used to address neural networks
[71]. Because we may train Siamese networks with minimal input, sophisticated



applications such as one-shot learning are conceivable. Using a one-shot learning
strategy allows dealing with few training instances.

1.3 Research Objective

The purpose of this research is to develop a one shot learning based voice recognition
system using siamese network which will be able to classify a speaker after hearing
his speech. We look forward to training our dataset using Siamese Neural Network
(SNN) and testing our dataset using one shot approach, which is a comparatively
new approach for speaker recognition/classification problems. Speaker recognition
using only a few utterances from the speaker is now widely used in a variety of fields,
including

1. User verification: User verification ensures that the individual authenticating
to a service is, in fact, who they claim to be for the purposes of that service.
The capacity to accomplish this swiftly and without interruptions is critical
to business success. For safe authentication, speaker verification has acquired
widespread acceptance in the government and financial industries [18]. User
verification ventures beyond traditional and physical methods of authentica-
tion to help establish identities in the digital era. Speaker recognition can
be widely used to perform user verification. ID R&D’s core voice biometrics
product, IDVoice™ has been widely used now for speaker recognition. Our
model can significantly increase its accuracy on verifying users on whom the
system has not been trained yet. Our model will be able to recognize the
speaker’s audio sample even without having much data about the speaker.

2. Biometric authentication:Biometric authentication is a type of security mea-
sure that uses an individual’s distinct biological characteristics to validate that
they are who they claim to be. Biometric authentication processes evaluate
physical or behavioral attributes to samples in a database that has been val-
idated and certified as legitimate. Authentication is ensured if both samples
of biometric data match. A speaker’s auditory sample is a valid feature for
advocating his biometric sample. Because of differences in vocal tract forms,
glottis shapes, and different other organs that produce tone, no two people
sound the same. Aside from physical distinctions, each person has his or her
own speaking style, pronunciation pattern, word selection, and so on. Other
biometrics, such as face recognition, finger prints, and retina scans, offer less
potential than speaker recognition. Speaker recognition has a number of ad-
vantages over conventional biometrics, including low cost, high acceptance,
and non-invasive speech acquisition. Expensive equipment and direct par-
ticipation of speakers are not necessary to construct a speaker identification
system. Speaker recognition has the ability to eliminate the need for a debit
card, credit card, remembering a bank account password or any other security
measures, and many other online services [40][75].

3. Telephone banking: Speech recognition is an artificial intelligence (AI) tech-
nology that allows software systems to identify spoken words and convert it to
text. Banks are exploring security features based on Al-based speaker recog-



nition, which may automatically validate a customer’s identity when they call
customer care.

4. Forensic applications: Speaker recognition is commonly used to discriminate
against people based on their voices. The technique of identifying if a sus-
pected speaker is the originator of a trace is referred to as forensic speaker
recognition.

5. Security: Speaker recognition, in combination with other verification meth-
ods like face recognition, could be utilized in credit card transactions as an
authentication mechanism. Speaker recognition technology can be used for
transaction authentication, computer access control, monitoring, and long-
distance speech authentication, among other things [38]. Automatic speaker
recognition, often known as voice biometrics, is a reliable approach to vali-
date a person’s unique identification for secure device access control. Instead
of determining what is being said, automatic speaker recognition technology
is utilized to determine who is speaking. Speaker recognition is also being
utilized in conversational interfaces, messaging apps, and IoT devices ranging
from smart speakers to linked cars to provide frictionless security and person-
alization.

6. Surveillance: Information is collected in a variety of ways by security ser-
vices. Mass surveillance on telephone and radio conversations is one of them.
Because this generates a large amount of data, filtering procedures must be
used to discover the relevant information. One of these filtering could be the
identification of relevant target speakers who are relevant to the services [38].

The i-vector representation of speech segments is employed in the most state-of-
the-art solutions [32], which has resulted in significant improvements over earlier
Gaussian Mixture Model-Universal Background Models (GMMUBMSs) [14]. How-
ever, the majority of research relies on the user speaking a keyword to activate
the equipment that will recognize them (text-dependent speaker recognition) [66].
Communicating with the devices becomes tedious as a result of this. We are looking
forward to presenting a one-shot learning approach that will allow us to train the
model faster and with fewer samples. So that, we don’t need to store as much data
for our system to detect the speaker, while simultaneously enhancing the system’s
accuracy in determining the likeness between the speaker audio classes.

In this paper, we emphasise on teaching our system to perform with better accuracy
in the scenarios when the system has no prior knowledge of the context of the
speaker’s utterances. Our tests are conducted under difficult but realistic conditions
with limited training data.

1.4 Thesis structure

Chapter 1 - Motivation, research problem, and research objectives are discussed in
this chapter.

Chapter 2 - Literature review, algorithms were discussed in this chapter.

Chapter 3 - Data preprocessing, model interpretation and implementation were dis-
cussed in this chapter.



Chapter 4- Module, dataset, feature, algorithm analysis were discussed in this chap-
ter.

Chapter 5 - Experimentation was discussed in this chapter.

Chapter 6 - Result analysis for the proposed model and other models were discussed
in this chapter.

Chapter 7 - Future work and Conclusion were discussed in this chapter.



Chapter 2

Background

Artificial intelligence, in conjunction with cognitive science, is quickly expanding. It
entails the creation and execution of an assortment of continuous applications, like
discourse acknowledgment, decision-making, face identification, and DNA analysis.
Voice biometrics have recently been used to verify individual identity.

Because of its simplicity, distinctiveness, and universality, the human voice is the
most useful mode of communication. The following are the advantages of speaker
identification over other biometric verification systems:

1. Voice is easily available, simple to use, and inexpensive.

2. Voice is very easy to obtain, and consumers can recognize persons much more
easily.

We are aware of the various types of Deep learning classifiers, which require a large
amount of data to train a model for the comparison between two unseen datasets
and determine the similarity ratio. In many cases, when there is a limited amount
of data available, this classifier becomes computationally expensive and challenging.
There are, however, approaches that can work efficiently and accurately with a small
number of training samples.

2.1 Literature Review

Speech recognition systems must be robust to extrinsic fluctuations caused by a
variety of acoustic parameters such as transmission channel, speaker variances, and
background noise since they must operate under a wide range of settings. Most
speech applications use a digital filter to improve classification performance, in which
the clean utterance estimation is learned by sending noisy utterances through a linear
filter. With this methodology, the topic of commotion decrease turns out to be the
manner by which to make the ideal channel that can adequately dispose of clamor
while saving important data. As a result, various academics are looking at how
to reduce the effects of environmental noise so that voice signals can be correctly
classified. Lim, et al.[4], for example, introduced spectral subtraction, which adds a
little amount of background noise to the voice signals. Those components in voice
signals that are equivalent to noise will be hidden. However, spectral subtraction
might cause the loss of some valuable characteristics by destroying various spectral
components in the original voice signal [19].Support vector machine (SVM) [13]
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divides speech features into several classes in order to reduce the disparity between
speech features of the same class and improve classification accuracy. Nonetheless,
this strategy frequently necessitates a large number of training utterances and is
ineffective for applications that require a quick response.

Speaker identification research has a lengthy history. Researchers began studying
speaker identification in the 1940s by using the spectrogram, but the results were
unsatisfactory. Speaker recognition entered the period of artificial intelligence study
after numerous computer scientists proposed the concept of artificial intelligence in
1956 [2]. Researchers planned to use computer programs to identify speakers at
the time, but due to limited computer hardware capabilities and the immaturity of
related algorithms, speaker identification research did not provide promising results.
Machine learning [46] study began in the 1980s as a powerful branch in the science
of artificial intelligence, using algorithms to evaluate data, extract useful feature in-
formation from it, and then make decisions and predictions to address the problem.
Machine learning, unlike traditional software programs that are built to handle spe-
cific tasks, is learned with a huge chunk of data and then uses various algorithms to
understand how to complete tasks from the data. The study of speaker identification
has progressed significantly.During this time, the speaker ID technique regularly in-
corporates the means of discourse information preprocessing, highlight extraction,
speaker demonstrating, and scoring. Pre-emphasis, framing, and windowing are all
examples of speech preprocessing. Component extraction is the method involved
with separating from voice flags the trademark factors that viably describe the
speaker’s characteristics. Mel-recurrence cepstral coefficients [29], straight forecast
coefficients [23], direct expectation cepstral coefficients [34],and different elements
are normal. From that point forward, speaker models are made by breaking down
the recovered components. Many methodologies, for example, gaussian blend mod-
els (GMM) [10], GMM-general foundation model [70], stowed Markov model [24],
and neural organization model, are as yet used for speaker displaying today.
Neural networks have been employed in speaker recognition tasks over the past ten
years, thanks to the development of deep learning [85], [86]. When given labeled
data, a speaker recognition system based on deep learning extracts each speaker’s
deep properties and performs supervised learning in a neural network model. On
the TIMIT dataset, Y. Lukic constructed a convolutional neural network [56] that
achieved an accuracy of 97.0 percent, corresponding to 19 misidentified speakers
out of 630 [56]. Simultaneously, LSTM networks [12] and classic RNN [39] have
been used to accurately predict and label sequences in a variety of tasks.A clas-
sic RNN model has a significantly lower perplexity than standard n-gram models
in language modeling [28]. The LSTM network solves the long-term dependencies
problem in regular RNNs and alleviates the vanishing gradient problem by inventing
various gate topologies. In language detection tasks, the LSTM network currently
outperforms classical RNN [53]. With regards to learning setting free and setting
delicate dialects, LSTM models beat traditional RNN models [16].LSTM networks
combined with a connectionist temporal classification (CTC) layer and trained us-
ing unsegmented sequence data have been found to outperform a hidden Markov
model (HMM)-based system for online and offline handwriting recognition [22]. For
grapheme-based speech recognition, similar strategies using a deep LSTM network
have been presented [26]. In a multi-stream framework for continuous conversational
voice recognition, LSTM networks have also been proposed for phoneme prediction



[35].However, the LSTM network training has four times the number of parameters
as a regular RNN, making it simple to overfit. GRU has become a popular RNN
variation by further optimizing the structure. In terms of performance, the GRU
network is similar to the LSTM network, but the former is faster to train and less
prone to diverge. LSTM and GRU are frequently used in current deep learning sys-
tems for applications including visual localization [83], traffic noise prediction [87],
stock market projection [68], and air pollution forecasting [84].

As previously stated, most current research approaches are based on CNN or RNN
because the speech signal is a continuous one-dimensional time series. These net-
works do well on various datasets [62], but no attempt has been made to combine
them to research the speaker identification job. The spatial features of voiceprint
and CNN are useful for spatial feature extraction and modeling spectral correlations
in acoustic features due to the spectrogram that a speech signal provides [67]. Deep
networks, on the other hand, can better capture extended utterances than shallow
networks [64], hence stacked GRU layers for frame-level feature extraction are uti-
lized in the model, as they have been shown to be successful for speech processing
[52][51]. The proposed model, which combines GRU and CNN, should produce a
better outcome.

Listeners’ ability to identify and verify speakers has been examined for a long time.
An early reference [3] is from 1966, for example. The voices of ten male speakers
were recorded and played back to 16 audience members who knew about the speak-
ers.The accuracy was 98% for short sentences (normal span of 2.4 seconds).When
it comes to speaker recognition exams,precision alludes to whether the audience ef-
fectively recognized the speaker. It makes no distinction between how many words
were correctly detected and how many were incorrectly recognized. For disyllables,
speaker recognition accuracy was 87 percent. It was 81 percent for monosyllables, 63
percent for consonant-vowel excerpts, and 56 percent for vowel excerpts.As a result,
they demonstrated that as the quantity of phonemes reduced, so did the accuracy
of the identification.

The authors employed 45 voices in [7], including Johnny Carson, Bob Hope, Lawrence
Welk, and others.Subjects were tried on their capacity to perceive the voice when it
was played ordinarily (forward) and when it was played in reverse (time-switched).The
forward rate had a recognition rate of around 71%.When it came to backward speech
recognition, the common consensus was that it was more difficult than normal au-
dio (about 12 percent decrease in performance). A few voices, then again, could
be perceived nearly too when played in reverse, however others experienced a huge
decrease in execution when played in reverse. The researchers of [7]utilized the in-
distinguishable voices of celebrities to examine the impacts of time-modified sound
by growing or compacting it.The outcomes were comparable in that specific voices
could be handily perceived even in the wake of being time-adjusted, while others
could not.However, they arrived at the resolution that they couldn’t anticipate what
voices could in any case be recognized after the rate change or which attributes were
significant for acknowledgment.

[6]utilized a sensibly enormous gathering of 24 moderators and 24 audience members
in their review. The objective was to investigate how sound coding (explicitly,
direct prescient coding) influences speaker commonality execution. Although the
exhibition of the coded sound was less fortunate than that of the first sound, a ton



of speaker data was as yet saved. The acknowledgment rate for the crude information
was 88%, and for coded discourse it was 68%. Another study [5] looked at speaker
recognition with five female and five male speakers to identify. The mistake rate for
great quality discourse was 23%, whereas it was 48 percent for telephone voice and
46 percent for LPC speech. The voices were chosen from a bigger selection for this
study and may not have been familiar to the listeners. To allow for comparison with
the stimuli, a reference sample was provided.

The issue with natural speaker recognizable proof examinations is that assembling
a major gathering of individuals who know about each other is testing. As a result,
most trials are limited to roughly 10-15 speakers. Speaker verification, which is
another human listening task, is a distinct technique. The subject is given two
voices for this exercise and must determine whether they are the same or distinct
speakers. Typically, the voices offered to the listener are unfamiliar. A significantly
bigger set of human responses can be obtained for this type of investigation.

The study [15] contrasted human listeners’ speaker verification to that of machines.
Listeners were assessed on 21 test samples with a three-second duration after be-
ing trained on a speaker. There were 65 people that listened in and 144 people
who spoke to the target audience. The listeners made a total of 48,972 decisions,
choosing whether the speakers from the preparation information and the 3-second
test were something similar or unique.Human audience members were tantamount
to machine algorithms in terms of resiliency to changing settings, although humans
were more resilient. Customers, imposters, and mimics were used to verify speakers
in a previous reference.

One study looked into where in the brain speaker identification and verification take
place. The article [8] shown that the acknowledgment of recognizable voices (speaker
distinguishing proof) and the segregation of new voices (speaker confirmation) are
two separate cycles that occur in various spaces of the mind.Patients with one or the
other left or right cerebrum injury were remembered for the review. A deformity in
the segregation scores was brought about by a sore in the left side of the equator of
the mind (speaker verification).

There is a huge group of writing on speaker identification, with two major ap-
proaches: classification and verification. Techniques of classification train one model
with an output limited by the classes (or, in this case, known speakers) with which it
was trained. When a new speaker enters the scenario, the model attempts to match it
with one of the previously known speakers, which results in a false positive. Verifica-
tion techniques, on the other hand, train a model for each known speaker, with their
outputs indicating the likelihood that the speaker is the one for whom the model
was trained.This type of technique can register if a speaker is unknown (when all
models provide low probabilities), but it is generally less accurate than classification
techniques [11].

[31] identifies speakers by contrasting a proportion of comparability between the
sound of a speaker to be recognized and the examples recently produced for known
speakers. Later, in [45] the author proposes changes to this system in which the
database and architecture change, but the similarity measure remains constant. With
raw audio, neural networks have also been used [74], where a CNN extracts the
relevant information and an impromptu verifier is created for every speaker. The
authors of [62] describe the VoxCeleb database and trained deep learning models
for speaker identification and verification. The cosine distance between two signals
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is used.In [73] speaker verification is performed utilizing a Siamese representation of
two Long Short-Term Memory (LSTM) organizations and a contrastive misfortune.
It is significant that the utilization of neural networks in conjunction with audio has
not only addressed the issue of identifying and verifying the speaker, but has also
addressed the issue of extracting audio features to make them more robust. [63],
[58], [44], [60], and [55] use embeddings or complete neural networks to generate
features that are then used by statistical methods to verify a speaker.

Depending on the database used to train, the aforementioned works achieved veri-
fication accuracy rates of more than 80%.

In the field of PC vision, single shot learning with siamese neural organizations has
been considered, for instance, in transcribed person recognition[47] and object clas-
sification classification [20]. In any case, this idea has gotten unreasonably minimal
public consideration in the field of human voice arrangement, where the expectation
is to perceive the marks of human voice. This is in all likelihood because of the
way that profound learning calculations in the space of sound are moderately new,
having just been openly accessible for the past ten years. [27][50][41].

Li Fei Fei et al[17] put forward One-shot learning which utilized a Bayesian strategy
to achieve picture arrangement utilizing a single shot learning.The creators wanted
to construct a Bayesian model that could sum up to the new article classes with
a couple examples,if any whatsoever they called their unique method Bayesian a
single shot. Following this,Li Fei Fei et al.published a paper that expanded on this
topic[20].Lake et al.[33] examined one-shot learning within the realm of handwritten
characters,where the author looked at one-shot learning through the lens of science
of the mind.According to their theory, their generative model could deduce hidden
strokes in unseen characters by using knowledge from previously seen characters.
From that point forward, they have distributed various papers on idea learning and
a single shot order, and the omniglot dataset has been delivered as a dataset for
benchmarking for picture a single shot classification [33][37][48].

The use of deep siamese cnn for image classification was investigated by Koch et al
[47].Its application was to utilize one-shot learning.The authors used the Omniglot
handwritten character dataset to train a siamese network model to rate resemblances
between various input pairings,which was then used to infer to previously undiscov-
ered classes.In learning generic picture features capable of extrapolating to one-shot
classification, this technique based on metrics outperformed all possible baselines
available at the time.They also advised that this methodology be applied to other
domains’ one-shot learning assignments [47]. This thought was additionally reached
out by Google DeepMind’s Vinyals et al. [59], who utilized a more confounded
organization engineering and a preparation approach that impersonated the trial
case.When compared to other competing algorithms,the authors were able to signif-
icantly improve one-shot classification on the Omniglot dataset [59]. With regards
to entity relation extraction, one-shot learning with convolutional siamese networks
has been investigated [65]. This extraction of fine-grained relationships proposed was
viewed as a one-shot classification problem,with the objective of predicting unusual
relationships joining samples using a single or a few examples. The authors were able
to obtain auspicious findings and demonstrate the inherent advantages of domain-
specific data extraction [65].A quadruplet siamese deep neural network for one-shot
learning for tracking of visual object was recently employed by Dong et al.[79]. They
put forward a network design that used an aggregate of four info tests for a single
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shot learning which differed from previous work.The creators joined two misfortune
functions,triplet and pair loss,with the trio misfortune determined regarding three
examples and the pair misfortune determined according to a solitary pair of cases.
An additional weight layer was used to select the weights in combination between
these losses,to simplify the process of bias correction.

A single shot learning with siamese organizations has not gotten as much percep-
tion in sound as it has in PC vision.An architecture named siamese convolutional
neural network(SCNN) was designed for a single shot speaker identification which
was proposed by Velez et al. [76]. in a paper distributed in 2018. The author’s
main objective was to develop a model to identify whether two audio recordings
had been created by the same speaker, even though the speakers were completely
different. The proposed system comprised of 3 elements: a nonexclusive verifier, an
outside data set for known client sections, and a speaker determination framework,
with the verifier deciding if two sound signs arose out of a similar speaker.The The
time-frequency spectra of both the input audio signals were used to represent them in
this system of general verification which was executed as a convolutional siamese net-
work.The authors also looked at a variety of other Siamese organization geographies
and provided details regarding the main three models.Using on the notable VGG
[43]and ResNet 50 [54] designs, these three portrayals accomplished with a serious
level of accuracy of 81.2% in certifiable ecological assessment errands, demonstrat-
ing that a single shot learning with siamese organizations can be stretched out to
true sound classification issues.Elof et al. [80] investigated the topic of multimodal
one-shot learning by using pairs of spoken and visual numbers to determine whether
a siamese representation exists could do one shot classification on this input data in
multiple formats.The authors were able to acquire improved accuracy outcomes for
picture pixels and dynamic time warping over speech when compared to a nearest
neighbour classifier.

Notwithstanding a single shot learning, Siamese organizations were utilized for other
sound difficulties. With the use of siamese networks,Manocha et al [72] suggested a
new method for sound collection based on content.The authors’ approach was to use
a siamese system to estimate encrypted vector representations of audio data, which
could then be used to efficiently locate semantically similar sounds. The vector
creation process is similar to audio fingerprinting, in which semantic information
is recorded in a numerical format that is easily comparable. The findings of the
authors revealed that their method could extract mutual information across audio
data within the same class and could be used for a diverse array of audible retrieval
tasks. Zhang et al[78] used siamese cnns in the framework of audio quest.As their
method, they used a siamese framework which is able to extract characteristics as
well as predicting similarities among voice limitations as well as actual audio.For
this topic,the authors presented two systems:symmetric IMINET and asymmetric
TLIMINET.

IMINET used two similar networks that were taught from the ground up,but TL-
IMINET employed pre trained embedding channels that were created through learn-
ing algorithms from activities such as spoken language recognition and environ-
mental noise categorisation.The discoveries showed that the two variations of the
framework outflanked an advanced framework, and that utilizing the idea of move
learning for a siamese organization altogether further develops sound recuperation
effectiveness [78].
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2.2 Algorithms

Machine learning is used in a variety of disciplines, including security, analysis,
recognition, and prediction. It is the act of providing data to a computer that enables
it to perform intelligently without explicit programming by analyzing past data and
anticipating new data. Machine learning is also employed in our proposed idea.
Our method is supervised machine learning, which is the application of artificial
intelligence algorithms to discover patterns in data sets using labeled data. We used
a dense layer, a Neural network layer for embedding models, and a siamese network
for determining sample similarity. After that we compared our results with the
traditional approaches like MLP, KNN and Random Forest.

2.2.1 Dense Layer

Every neuron in the dense layer gets input from all neurons in the former layer, mak-
ing it a profound associated neural organization layer. The dense layer is observed
to be the frequently utilized layer in the models. Behind the scenes, the dense layer
performs matrix vector multiplication. The qualities in the matrix or the boundaries
can be prepared and refreshed by means of backpropagation. As its yield, the dense
layer produces a m-dimensional vector. As a result, the dense layer is predominantly
used to change the components of the vector.Dense layers furthermore utilize the
vector to perform tasks like scaling, pivot, and interpretation. In figure 2.1 all neu-
rons in the previous layer, which is the input layer, provide input to nl1l, n12, and
nl3. And all of the neurons in the preceding layer, n11,n12, and n13, provide input
to n21,n22, and n23. The output layer "O” produces an m-dimensional vector.

Dense Layers

Input layer n11 n21 Output layer
1
n12 n22 O —
12
n13 n23

Figure 2.1: Dense Layer

2.2.2 Siamese Neural Network

A Siamese Neural Network is a Meta-Learning idea product. To understand the
SNN, we must first comprehend the Meta-Learning idea. Simply defined, Meta-
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Learning is a cutting-edge concept in the machine learning field that is used to
train a model to learn how to learn. The Siamese Neural Network is being used to
put the Meta-Learning idea into practice. Bromley et al. first presented this idea
in Signature Verification, where they used a Siamese Time Delay Neural Network
to compare an unknown signature to a known one [9]. This model can have two
or more similar subnetworks. The weights and attributes of these subnetworks are
exactly the same. The main idea behind this model is to utilize these subnetworks to
compare samples of data in order to determine how similar they are. The first and
second subnetworks are learning to recognize similarities and differences between
two data respectively. As a result, the trained Siamese network, which is made up
of two subnetworks, is able to recognize untrained input. To do this, the model is
given a support set that contains several types of data. As a result, anytime the
model is given untrained data, it will attempt to discover similarities between the
untrained data and the support set data. The untrained data can then be classified
as a class from the support set if the untrained data’s class is also in the support
set. Otherwise, the untrained data will be classified as unknown. In the Siamese
Network figure 2.2, two subnetworks are coupled by a shared layer with identical
parameters and weights.

Shared Layer

to measure
similarity
Hidden layers
<—0—=0O \ Z=O0—m
<7
“"“O N O‘—h-—
Vs
V2%
S——
Identical weights, parameters Q———l— Classification
O Cosine
similarity

Figure 2.2: Siamese Network

2.2.3 Multi-layer Perceptron Classifier

The acronym MLPClassifier refers to a Multi-layer Perceptron Classifier, which is
related to a Neural Network. It’s a sort of artificial neural network that feeds back
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information. The term MLP is ambiguous; it can apply to any feedforward ANN or
to networks composed of multiple layers of perceptrons (with threshold activation).
Unlike other different classifiers such as Naive Bayes or Support Vectors, MLPClas-
sifier uses an underlying Neural Network to do classification. The input layer, the
output layer, and the concealed layer are the three layers that make up this system
shown in figure 2.3. The input layer receives the signal that will be processed. Pre-
diction and classification are activities that fall under the output layer’s scope. An
arbitrary number of hidden layers added between the input and output layers serve
as the MLP’s real computational engine. The MLP’s neurons are trained using the
back propagation learning technique. MLPs can solve issues that aren’t linearly
separable and are designed to approximate any continuous function. The most fre-
quent MLP applications are pattern recognition, classification, approximation and
prediction [82].

input layer

input 1 4+ hidden layer

input 2 ——b output layer

input 3 4—"'

input 4 41-

Figure 2.3: Multi Layer Perceptron

2.2.4 KNN Classifier

The K-Nearest Neighbors (KNN) algorithm is a popular machine-learning approach
that has been used in huge data mining projects. It’s also commonly used for graph
construction and biomedical signal analysis. KNN is a straightforward, convenient
supervised machine learning algorithm (it depends on labeled input data to develop a
function that provides an appropriate output when given additional unlabeled data)
that may be used to tackle regression and classification tasks. In k-NN classification,
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the function is only approximated locally, and all computation is postponed until
the function is assessed. Because this technique depends on proximity for classifica-
tion, normalization of the training data can improve performance significantly if the
features reflect distinct physical units or scales. Assigning weights to the inputs of
the neighbors, so that the near neighbors contribute more to the average than the
farthest neighbors, is a successful technique for both classification and regression.
Similar items, according to the KNN algorithm, are near together. To look at it
another way, objects that are connected are closer to one another.

2.2.5 Random Forest Classifier

Random forests is a supervised learning method that creates outstanding outcomes
in most circumstances with or without hyper-parameter adjustment. It’s a machine
learning algorithm that’s both flexible and simple to use. It is capable of being
used for both classification and regression. It is also one of the most extensively
utilized algorithms owing to its efficiency and flexibility. It combines several decision
trees to generate a more precise and stable estimation. While dividing a node, the
accurate assessment from a randomized subset of features is chosen instead of the
most significant characteristic. As a consequence, there is a wide range of options,
which contributes to a superior model.
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Chapter 3

Proposed Methodology

The goal of our proposed model is to analyze a person’s speech and try to identify
them. Although, a major feature of our model is the ability to recognize a person’s
speech that it has not been trained on and must identify with the assistance of only
one sample of a class from a support set. As an outcome, the model is capable of
achieving one-shot learning.

The following are some of the major steps of our research:

1. Preprocessing of audio data at the initial stage. As our model trains and tests
data differently, the audio data is preprocessed and the data are organized
in a certain structure.To pass the audio data through the model, we need to
prepare it so that our model can extract features and get trained accordingly.

2. The features for the training data are then extracted and put into the model
one by one. In addition, the model is trained using the whole training data
set. The model must be taught how to learn, which is one of the main aims of
the training stage. In other words, the model learns to detect a class/person
using audio data that is never taught during the training phase.

3. Finally, the prediction phase starts, in which the testing data, which the model
has never seen/trained, is given to the model to predict using a support set. So,
the outcome of the testing phase is that the model will recognize a class/person
whose voice has never been trained in the training set. The workflow of our
research has been shown in figure 3.1 below:
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Figure 3.1: Workflow of our research

3.1 Data preprocessing and data arrangement

Audio samples are commonly displayed as a time series, with the amplitude of
the waveform as the y-axis measurement. The amplitude is usually calculated as
a function of the pressure change around the microphone or receiver device that
picked up the audio in the first place. These time series signals will frequently be our
only input data for constructing a model unless our audio samples have metadata
linked with them. MFCC is one of the most useful characteristics for extracting
information from audio waveforms (and digital signals in general) has been around
since the 1980s. Dataset preparation, feature extraction, and feature engineering are
actions we take to extract information from the underlying data, information that
may be used to predict a sample’s class or the value of a target variable in a machine
learning setting. This approach is mostly dependent on identifying components of
an audio signal that can assist us in distinguishing it from other signals in audio
analysis.
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3.1.1 Noise remove

For attaining One-shot learning, the data preprocessing and arranging structure is a
bit challenging and unique. The audio data must be cleansed for excessive noise at
the preprocessing stage. The inclusion of noisy data in a data set can significantly
lower the accuracy of any valuable information prediction. Many research studies
have shown that data noise significantly reduces accuracy and leads to poor predic-
tion. As a result, removing noise from the data is critical. We have already chosen
a cleaned dataset, so no noise is found when screened.

3.1.2 Feature extraction

MFCCs are still the most sophisticated method for extracting data from audio sam-
ples. Despite the fact that libraries like Librosa provide a one-liner in Python to
compute MFCCs for an audio sample, the underlying math is a bit difficult. The
following are the steps to calculate MFCCs for a given audio sample:

1. Shorten the signal by slicing it into frames (of time).
2. Calculate the power spectrum periodogram estimate for each frame.
3. On total the energy in each filter, apply the mel filterbank to the power spectra.

4. Take the log filterbank energies and apply the discrete cosine transform (DCT)
to them.

Equations for MFCC:

Si(k) =) S(n)h(n)e 7>mkn/N l<k<K (3.1)

n=1

S;(n) is the time domain signal in (3.1). We'll have S;(n) once we frame it, where
n is the number of frame samples. The complex DFT is then calculated, and S;(k),
where I is the frame number corresponding to the time-domain frame, is formed.
The hamming window is h(n) in this dicreate fourier transformation of the frame.
The length of DFT is K.

Pi(k) = 1S.(R)P (32

The power spectralm of frame i is determined using a periodogram in (3.2). Here,
we square the result of taking the absolute value of the complex fourier transform.

m = 1125In(1 + %) (3.3)
m~L(m) = 700 * (exp (%5) —1) (3.4)
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(3.3) and (3.4) are used to convert frequency to mel and mels to frequency, respec-
tively.

0 k<f(m—1)
bfm=l) £ — 1) < k < f(m)

Hm(k) _ f(mzn—f(m_—l)
s f(m) <k < f(m+1)
0 k>f(m+1)

(3.5)

The first filter bank (equation no 3.5) will start at the very first point, peak at the
next, and then go back to its initial point at the final point. The second filter bank
will start at the second point, peak at the third point, then drop to zero at the
fourth point, and so on. The formula for estimating these is as follows. Here’s a list
of M+2 Mel-spaced frequencies, along with the set of filters that is needed.

3.1.3 Glottal pulse remove

The glottal pulse is that part of a voice which is not needed for speech processing.
So, we have to separate the glottal pulse from the vocal tract. The vibration of the
vocal chords (the source) is convolved /filtered by formant resonators linked with the
vocal tract in a speech signal (the channel). To do this, we use a log function.

x(t) = e(t) * h(t)

log(x(t)) = log(E(t) * H(t))
= log(E(t)) + log(H (t))

log(E(t)) +log(H(t)) — h(t)

x(t) = h(t) (3.6)

Here, x(t) in 3.6 represents speech, e(t) represents glottal pulse, and h(t) represents
the vocal tract, which we only obtain after applying a log and low pass filter.

3.1.4 Data arrangement

Furthermore, for the model to perform efficiently, the training and testing data must
be organized in a certain way. The primary distinction between traditional learning
and one-shot learning approaches is how data is trained and tested. In a one-shot
learning approach, the training data of the model may be accomplished in two ways.
The pairwise similarity and the triplet loss are two examples. With our model, we
will work with the triplet loss which basically uses the enhanced version of pairwise
similarity.

In order to work with triplet loss, we need three audio samples per training. We
separated our training data into two directories. One directory contains anchor
samples, whereas the other has positive samples. Here, the anchor audio samples are
the base of the training. It is one audio sample of a class/person. And the positive
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samples are the same class/person’s another sample. The audio files include speaker
id in the name, which we split and placed into a numpy array in order to match
the anchor class and positive class. So, person A’s anchor sample is at the anchor
directory and file named 1.flac, the same person’s positive sample is at the positive
directory named 1.flac as well. This is how the anchor and positive samples are
kept in track.Then, in each iteration, we took negative files from various speakers so
that the speaker ids don’t match. As, the negative samples are randomly stored, so
with the anchor audio sample 1.flac, a different person’s audio sample is picked from
the negative directory thus creating negative samples. During the training phase,
one anchor sample and its matching positive sample will be chosen, followed by a
negative sample. Three samples are chosen each time.

Now, for the testing phase, we reorganized the testing data in a unique manner. In
a one-shot learning approach, the testing is done by a query set and a support set.
So, we separated the testing data, and made a support set and a query set. The
query set contains audio samples which the model never trained on and the support
set contains one audio sample of few classes/persons which is also not trained by
the model. Using one query sample and the support set sample, our model tries to
predict if the query audio sample’s voice belongs to any of the class/person from
the support set.

3.2 Model Interpretation and Implementation

The siamese network is used in our model to achieve improved predictions using only
a few numbers of audio samples. A siamese network is an artificial neural network
that consists of two or more identical networks, and by identical it means they share
the same weights and parameters across the network.

The concept of meta-learning is the main idea that a siamese network achieves.
Meta learning is a subset of metacognition that focuses on understanding one’s own
learning and learning mechanisms. The training of a competent machine learning
model often necessitates a huge amount of data. Humans, on the other hand, learn
new concepts and skills considerably more quickly and efficiently. Meta-learning as-
pires to achieve comparable results: acquiring new concepts and skills quickly with
a limited number of training instances. We expect a good meta-learning model that
is capable of adjusting or generalizing to new activities and situations not encoun-
tered during training. During the test, the adaptation process, which is basically
a small learning session, occurs with very little experience of the new task configu-
rations. The customized model will eventually be able to fulfill new tasks. Simply
described, meta-learning is the notion of learning how to learn. And, by realizing the
concept of meta-learning, the one-shot learning approach has become a reality, in
which a neural network can identify someone using only one sample of their picture
or speech. Meta-learning and adaptation are the two phases of the meta-learning
process. During the meta-learning phase, the model slowly learns an initial set of
parameters across tasks; during the introduction phase, it concentrates on efficient
knowledge to acquire task-specific attributes. Meta-learning is also known as learn-
ing to learn because it occurs on two levels. The method that we adopted is the
triplet loss method of training.

The triplet loss is defined as:
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L(A, P,N) = maz(|f(A) — f(P)]2 = | f(A) = F(N)P + margin,0)  (3.7)

The distance between samples is calculated using the triplet loss function (equation
no 3.7), which takes three inputs per training. The anchor sample, which can be any
unique data point, is the initial input. The positive sample, which belongs to the
same class as the anchor sample, is the second input. The third sample is a negative
sample, which is a sample that does not belong to the same class as the first two.
Here, a class represents a person, and a sample of a class is that individual’s audio
sample. For training the model, If the anchor point is an audio sample of a person,
another audio sample of that person is picked for the positive sample, and an audio
sample of a different person is picked for the negative sample. However, in order to
accomplish one-shot learning, we can only have one sample per class in the support
set while testing the model.

| Positive |+ f(x+)
— ®
Anchor - L.flac, 2.flac, 3.flac . »| Anchor ——f(x)
positive - 1.flac, 2.flac, 3.flac

negative - 7.flac, 6.flac, 5.flac

N~ n_

»|Negative — f(x-)

Figure 3.2: Model Training.

In figure 3.2, the 1.flac file in the anchor directory and the 1.flac file in the positive
directory are both audio samples from the same class. The 7.flac file in the negative
directory belongs to an audio sample out of a different class. Here, the negative di-
rectory is randomized, whereas the anchor and positive directories are numerically
ordered.Basically, we choose three audio samples at a time to train the siamese net-
work. Each time the siamese network is trained, an anchor sample and its matching
positive sample, as well as a randomized negative sample, are chosen, as indicated
in the figure 3.2 For example, 1.flac audio sample is picked as an anchor sample from
the anchor directory. As the positive sample must be from the same class of the
anchor sample class, the model will choose 1.flac file as the positive sample from the
positive directory as well. Then, the model will pick a randomized sample which
does not belong to the same class as the anchor class. Here, the naming and ar-
rangement of similar classes audio samples are done in the data preprocessing step.
After the selection part of the input audio sample, the audio samples are sent into
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the neural networks. Although there are three neural networks illustrated in the dia-
gram, there is only one shared neural network in the model which processes all three
sample inputs with the same weights and parameters. As a result, it is known as a
siamese network. Next, from the input audio samples, the neural network derives
three feature vectors from three audio samples. After that, the model estimates the
distance between the anchor and the positive sample (d+) and the distance between
the anchor and the negative sample (d—). Following the calculation of distance, the
feature vectors of the same class should be close together, while the feature vectors
of different classes should be well separated as shown in the figure 3.3. The negative
distance is much larger than the positive distance. In the loss function, a positive
tuning hyper-parameter, alpha(«), is employed to ensure that the negative distance
is substantially bigger than the positive distance. The classification is accurate and
the loss is zero if d- is larger than d+ by an alpha margin. If d- is not greater than
d+ by an alpha margin, then the classification task is incorrect, and some loss value
will arise.

1. If d— < sum(o,d+), then loss= (d+) + o — (d—), we want the loss value to
be small.

2. If d— >= sum(a, d+), then no loss.

3. Loss function, L = max(0, [(d+) — (d—) + («)])

Anchor sample’s A
feature, f(x)

d+ \
positive sample's d-
feature, f(x+) \ Negative sample's
AO feature, f(x-)

A
\J

Figure 3.3: Feature vector space

The loss function is called the triplet loss function which uses three samples and with
positive and negative samples, calculates a distance between the samples. Here, if
(d4) — (d—) + (@) is greater than 0 then there is some loss and the classification is
not correct. Conversely, if(d+)— (d—)+ («) is less than 0 then we can say that there
is no loss and the classification is correct. Now, the model computes the derivative
of the loss in contrast with the model attributes and then uses gradient descent to
update the attributes of the model using the loss function. Until there is training
data to work with, the model will keep adjusting the parameters to lower the loss
function values.
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The most unique feature of our model is the testing phase. Our model achieves
one-shot learning due to its uniqueness in testing. The major part of testing of the
testing phase is the comparison between the support and query set. The query set
and the support set are arranged from the testing data in the data preprocessing
stage. One key difference between one-shot learning and other traditional machine
learning approaches is that the testing data is completely fresh to the model, and it
has never been trained on any of the support set samples.
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Figure 3.4: Testing phase explained
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Figure 3.5: Testing phase of the model

Here, the query set contains audio samples of class/people who were never trained
during the training phase. The support set also includes a small number of classes,
each with only one sample. These individuals in the support set are also the ones
that have never had their voices trained by the model. The reason this approach
is called one-shot learning is because the model has to predict a query sample by
comparing it to only one single sample of an individual or class. Intuitively, the
model is hearing a person’s voice for the first time(the query sample), then hearing
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one voice sample each from some individuals or classes(the support set), comparing
the query sample to each voice sample from the support set, and then attempting to
predict which person’s voice sample from the support set matches the query sample
best. If, instead of obtaining one voice sample from each person, we take a few
voice samples from each individual, then the learning approach is no longer referred
to as one-shot learning. The approach will subsequently be considered as few-shot
learning. The higher the number of samples the easier it is for the model to predict.
In figure 3.4, there are 5 support samples and 1 query sample which we want to
recognize. We are passing it through the embedded model and after calculating the
cosine similarity we get the desired output. Also, there are three classes illustrated
in the figure 3.5. Therefore it is known as three-way-one-shot learning. If there are
n numbers of classes in the support set, then it is called n-way-one-shot learning.
The higher the number of classes the difficult it is for the model to compare and
predict. Moving on to how model testing is carried out, the model starts testing by
selecting a random query sample. Then, the query sample is sent into the neural
network to extract features, which are then compared to each of the support set
class samples whose features are also extracted by the neural networks. Following
the comparison, a distance value is computed between the query sample’s feature
vector and each support sample’s feature vectors. Finally, the model chooses the
support class with the least distance value with the query sample as the predicted
output. So, the predicted person/class is the support set class whose sample has
the smallest distance value in the feature vector space. As we can see in figure 3.5,
query sample 1 has distances 70, 12, 55 with classes personl, person2, person3d in
the feature vector space respectively. As the distance between query sample 1 and
person2 samplel is the least among all other samples, the model thereby predicts the
query sample 1 to be the voice of person 2. Using the same technique, all remaining
query samples are also evaluated with the support set samples. Although the model
has never heard the voice of person2, it still can effectively recognize it. Therefore,
the concept of meta-learning and the one-shot learning is achieved by this model.
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Chapter 4

Preliminary Analysis

This section describes the preliminary study of the proposed model and the dataset
for the speaker recognition task. We’'ll establish the suitable performance measures
for our situation, explain why they’re appropriate, and discuss what other options
we’ve considered. Our detailed analysis has led us to the conclusion that we should
break down our overall task into three stages: gathering and preprocessing relevant
data, training our model using Triplet Loss, and finally testing our one-shot learning
strategy. Keras, a neural network library that leverages Tensorflow as its backend,
was used. Also, we used Librosa, a Python module, to read and preprocess our
dataset.

A hypothetical comparison based on alternative models and training processes will
also be shown. It will provide an overview of the research issue, challenges we've
encountered while working through several methods, and how we came up with the
concept to use the meta learning methodology “one-shot learning.”

4.1 Module analysis

The proposed model for one-shot voice recognition requires two types of python
module support.One is Keras, an open source Python framework for creating and
testing deep neural networks that is both powerful and simple to use. It introduces
TensorFlow, one of the most efficient numerical computing frameworks for designing
and training neural network models only with a few lines of code. It was made with
the intention of facilitating quick experimentation. It offers uniform and straight-
forward APIs, reduces the amount of user activities required for common use cases,
and gives clear and actionable information in the event of a user error. It enables
for quick prototyping and operates on both the CPU and GPU. Keras’ basic data
structures are layers and models. The most fundamental type of model is the se-
quential model, which is a linear stack of layers. We will use the Keras functional
API for more complicated designs, which allows us to build arbitrary layer graphs
or write models entirely from scratch via subclassing. Keras is also a very adaptable
framework for iterating on state-of-the-art research concepts. Keras maintains the
notion of progressive disclosure of complexity, making it simple to get started while
also allowing it to handle arbitrarily complicated use cases with just incremental
learning required at each stage.

For our proposed technique another one is, Librosa, which is utilized to read, pre-
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process, and extract data from the dataset. Librosa is a Python module for sig-
nal processing in audio and music. Librosa provides high-level abstractions of a
wide range of common functions used in the domain of music information retrieval
[49].The librosa.core submodule contains a number of useful functions. The four pri-
mary areas of basic functionality are audio and time-series operations, spectrogram
computation, time and frequency transformation, and pitch operations.

The librosa.feature module supports a wide range of spectrum representations based
largely on the Fourier transformation in a short time. Audio signals are usually
represented by the Mel frequency scale because it gives an abrupt model of human
frequency perception [1]. It’s a Python module for analyzing audio signals in general,
but it’s oriented at music in particular. It comes with everything we will need to
put together a MIR (Music Information Retrieval) system.

4.2 Input Data Analysis

Vassil Panayutuv and Daniel Povey obtained almost 1000 hours of speech data for
the LibriSpeech dataset, which was discussed in the preceding chapter. The audio
data is collected from the LibriVox project’s audio books. It’s utilized in a range of
applications, including speaker recognition and automatic speaker verification.We
had difficulty acquiring a well-organized dataset for our methodology considering
our methodology is new in the field of voice recognition.

The dataset is divided into twelve folders . However, it allows users to selectively
download sections of it based on their needs. Subsets having the word "clean” in
their name are said to be "cleaner”. Based on our requirements, we downloaded
four subsets, “Train-clean-100”, “Train-clean-360”, and “Test-clean”. The remain-
ing subgroups will be evaluated as a part of future work. Once downloaded, all the
folders contain information about the speakers, books, and chapters written in text
files, as well as multiple samples of more than a thousand speakers with various
speeches. However, we only require the speeches. Although there are multiple fold-
ers arranged, we still needed to modify our dataset for our proposed model, which
we have discussed in the previous chapter of our report.

There are 921 speakers in Train-clean-360, 255 speakers in Train-clean-100 and 40
speakers in Test-clean, shown in table 4.1 and figure 4.1
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Figure 4.1: A pie chart of Data summary
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As a result, there are 1176 classes or speakers in total in the training class. For

each anchor and positive array, we took a total of 33675 samples.

Then we took

33675 samples for the negative array to match the number. In our research, a total
of 101,025 samples were trained as shown in figure 4.2.

Training

—Anchor, 33675
Negative, 33675 ——

N’

Positive, 33675

®m Anchor  ® Postive = Negative

Figure 4.2: Training Data summary

Subsets Speaker | Phase | Arrays Samples
. Anchor 33675
Train-clean-360 | 921 | piio | Pogitive 33675
Train-clean-100 255 Negative 33675
. Support Set 1 for each class
Test-clean 40 Testing Query Set n for each class

Table 4.1: Number of samples in each sets
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According to our research, Librispeech has performed well with traditional ap-
proaches. As it is supposedly cleaner than other most used datasets and also works
better on almost all the state of the art models, we chose this dataset to proceed
our work with. However, in order to adapt in our one-shot learning process, it must
be partitioned. The training set and test set classes or categories in our suggested
model cannot be repeated. As previously stated, the data collection is re-divided to
meet our requirements.

4.3 Feature analysis

The extraction of the MFCC feature is a crucial stage in our one-shot learning pro-
cess. There are many other features, such as standard deviation, variance, mean
absolute, entropy, central frequency, mel frequency, number of peaks, and so on,
however, not all are particularly used for speech handling. With all our research
we have come across two features that work for speaker recognition tasks, one is
mel spectrogram and other one is MFCCs. The objective of the mel spectrogram
and MFCC is to transform a time domain signal into a frequency domain signal
thus that we can grasp all of the data contained in voice sounds. However, just
translating time domain signals to frequency domain signals isn’t always the best
solution. Mel-frequency spectrograms are similar to normal spectrograms (succes-
sive measurements recorded in short time frames), except they use Mel-frequency
spacing. MFCC, on the other hand, are distinguished by the organization of the
band pass in the mel frequency scale. Cepstrum outperforms the mel spectrogram
because of its unique calculation. MFCCs need us to compute the Cepstrum, or the
FFT of the log-magnitude or power spectrum, which is a "spectrum of a spectrum.”
Filtering in the time domain is similar to frequency domain multiplication, which
is then added in the cepstrum. This enables better separation and investigation of
the source and transmission channel. To put it another way, it functions like our
ear when it comes to human comprehension from a machine. Our ear has a cochlea,
which contains a lot of low-frequency filters and very few high-frequency filters. Mel
filters can be used to imitate this. When we use this scale, our characteristics be-
come more similar to what people hear. The goal of MFCC is to transform time
domain signals into frequency domain signals by employing Mel filters to imitate the
cochlea function. This frequency warping improves the audio representation. Also,
MFCCs are created without much pre-processing from the raw audio input. This is
the best feature where we came to our judgment based on our analysis.

We plotted a T-SNE graph figure 4.3 after we completed feature extraction to assess
how strong our clustering was. It provided us a favorable result, as predicted, and
then we moved on to the next phase.
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Figure 4.3: T-SNE plot for MFCCs feature

4.4 Algorithm Analysis

Most machine learning systems have made significant progress in recognizing people
by their voices. However, to get similar performance, other strategies necessitate
numerous cases. To address this issue, meta learning has led to a significant improve-
ment in the categorization task. To categorize categories using a limited number
of training instances, approaches such as few-shot learning, one-shot learning, and
others are utilized. One-shot learning aims to classify fresh data after only hearing
it once. This is useful when finding training instances is difficult. N-way one-shot
categorization is commonly used in one-shot learning research. With one sample of
each class, we sought to discern between them. In these instances, we can not train
a classifier using traditional methods . Any sophisticated classification algorithm
will rely on a much larger number of factors and function poorly on it.

In the classic learning framework, the model is trained from training data and then
evaluated by classifying the testing data, however in our suggested methodology, the
model will learn how to classify a given collection of training data and then evalu-
ate using a set of testing data. The major reason we believe our model is superior
to traditional approaches is that traditional models are unable to recognize data
(classes) that have never been trained. It must train several samples of the same
class to detect another sample from that identical class in order to improve accuracy.
However, if we test samples from classes that have never been taught previously or
have only been trained with one sample, the accuracy will be very low, as will be
described and compared in the result analysis section. However, our model excels in
this area since it can recognize a class that has never been observed or trained before.

The one-shot learning method employs various strategies to exploit different kinds
of prior knowledge. Three of them, in particular, have grabbed our interest at the
outset of our research: Prior knowledge of data, prior knowledge of similarity, and
prior knowledge of learning. With the best analysis, we chose to work with prior
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knowledge of similarity, which aids in the learning of embeddings in training tasks
that tend to distinguish various classes even when they are not seen before. To find
the similarity, the cosine similarity metric is used by the siamese network. So, after
careful consideration, we have determined that the siamese network with triplet loss
is the best fit for our model.
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Chapter 5

Experimentation

The process below in figure 5.1 illustrates the step-by-step approach of the research
that was conducted:

Preprocess
Select Dataset — and — Extract feature —— Apply proposed model

arrange

Get accuracy, training
time

Generate
~aw—— classification report, —=«——
confusion matrix

Perform comparative Apply different
analysis traditional techniques

Figure 5.1: Workflow for the Experiment

Google Colab has been utilized to run all of the models. Colaboratory is a Google
research project dedicated to the advancement of artificial intelligence research. The
LibriSpeech ASR corpus was utilized. There are 12 subsets of voice samples, text
files, and other data in the collection. However, the first job we had to complete
was to customize our dataset to meet our requirements. Because the speciality of
our technique is small datasets, we simply extracted features from three subsets
of speech samples, which we separated into anchor, positive and negative numpy
arrays (train) and support set and query set numpy arrays (test). After that, we
put our model into action. The dense layer had size 80 and 40, and we utilized the
activation function "relu in figure 5.2.”
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Model: "Embedding"

Layer (type) Output Shape Param #
input 11 (Inputlayer)  [(None, 40)] o
dense 31 (Dense) (Mone, 8@) 3280

batch normalization 21 (Batc (Mone, 8@) 3208
dense 32 (Dense) (Mone, 48) 3240

batch normalization 22 (Batc (Mone, 48) 168
dense 33 (Dense) (Mone, 48) 1640

Total params: 8,648
Trainable params: 8,400
Mon-trainable params: 240

MNone

Figure 5.2: Dense layers in our model

The Adam optimizer was used with a value of 0.001. We completed 50 epochs in all,
with a final loss of 2.4061 shown in figure 5.3. According to our study of training
data, positive similarity was 0.984, or 98.4%, while negative similarity was 0.950, or
95%.

model loss
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Figure 5.3: graph of loss with each epoch

Our model’s training time was 6.43 seconds, which is extremely good for real-time
application. Because our testing technique differs from the usual way, we use our
model to evaluate fully untrained classes. We used several test cases to ensure
accuracy in our findings. We started with two support sets (untrained class) each
having only one sample. In addition, for each of those two classes, we had 25 samples
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for a query set (untrained class). We get an overall accuracy of 1.0 or 100% after
using cosine similarity in the testing phase. Then we expanded our support set
to three untrained classes, each with one sample. In addition, there were three
untrained classes in the query set, each with 25 samples. After testing it we got
an accuracy of 0.95 or 95% . After that, we did a one-sample test for each of the
four untrained classes. There were also four untrained classes in the query set, each
with 25 samples. We got an accuracy of 0.84 or 84%, after testing it. Finally, we
expanded our support set to five classes (untrained) with one sample each. There
were also five untrained classes in the query set, each with 25 samples. We got an
accuracy of 0.74, or 74%, after testing it. Following that, we compared our model
to traditional techniques. K-Nearest Neighbor classifier, Random Forest classifier,
and Multilayer Perceptron classifier are three of them. To do so, we combined three
different training sets (anchor, positive, and negative) into a single dataset. In a
conventional method, we would split this dataset into a training and testing set and
train all of the classes to get near-perfect accuracy. To compare it to our model, we
must see if these models can correctly predict samples that have never been trained,
just as our model does without the classes being trained. However, as we all know,
a conventional model can never correctly evaluate samples without its class being
trained beforehand. So, in order to assess it more accurately, we gave these models
the benefit of the doubt and had the classes (one sample each) trained beforehand,
something we never do in our model. We did this by appending the support classes
from our model to the dataset (one sample each) and training it with a 75:25 ratio.
As expected, this gave us a very low accuracy compared to our model.
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Chapter 6

Result Analysis

This paper offers a siamese network-based classification model for one-shot learning.
However, for comparative analysis, different machine learning and neural network
models were utilized, including Random Forest Classifier, Multilayer Perceptron
Network, and K Nearest Neighbour Classifier. In addition, the assessment measures
Precision, Recall, and F1-score were used in this study. The classification Report,
which is a performance assessment statistic, shows the accuracy, precision, recall,
and fl-score of the test data.

Accuracy:Accuracy is defined as the proportion of properly predicted observations
to total observations. It is an effective classification measure when the datasets
are symmetric or the levels of false positive and false negative are roughly identical
(equation no 6.1).

TP+ TN
TP+ FP+TN+ FN

Precision: Precision is defined as the proportion of true positives to the total
number of true and false positives. Precision (equation no 6.2) refers to a model’s
accuracy in terms of just how many anticipated positive values are really positive.

(6.1)

Accuracy =

TP
Precision = 7—'P—|——F1]3 (62)

Recall: True positives to the total of true positives and false negatives is the defini-
tion of recall. Recall is a significant statistic when there is a cost involved with false
negative data (equation no 6.3).

TP
Recall = m—ITP (63)

F1-score:The weighted harmonic mean of precision and recall is used to get the
fl-score. If the f1 in equation no 6.4 score is close to 1.00, the model’s anticipated
performance is superior. The Fl-score achieves a good combination of accuracy and
recall. When there is an unbalanced class allocation or a significant number of True
Negative values, it is a helpful measure.

Fl— 9« Recall x Precision (6.4)

Recall + Precision
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6.1 Proposed Model:

As we used several test cases, we have several accuracy metrics in our findings.
For 2 classes in Support set:
In our proposed model, we get an overall accuracy of 1.0 or 100% for 2 classes after

using cosine similarity in the testing phase.

Confusion matrix for 2 classes:
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Figure 6.1: Confusion matrix for 2 classes

Here in figure 6.1 the confusion matrix, it is shown that class 1(speaker 1) and class
2(speaker 2) both have an accuracy of 1.00 or 100%.
The classification report for these 2 classes as follows:

precision recall fil-score  support

237 1.00 1.00 1.00 25

61 1.00 1.00 1.00 25

accuracy 1.00 50
macro avg 1.00 1.00 1.00 5@
weighted avg 1.00 1.00 1.00 50

Figure 6.2: Classification report for 2 classes

According to the figure 6.2 above, 237 and 61, 2 classes are represented. The pre-
cision, recall, fl-score are all 100%. The accuracy, macro average and weighted
average is also 1.00 or 100%. It shows that our model perfectly works on such cases
when there are 2 unknown classes.
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For 3 classes in Support set:

After testing it with 3 untrained classes, we got an accuracy of 0.95 or 95% .

classification report for these 3 classes as follows:

Confusion matrix for 3 classes:

» dass_1

dass 2

class 3

Figure 6.3: Confusion matrix for 3 classes
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Here in figure 6.3 the confusion matrix, it is shown that for class 2(speaker 2) the
accuracy is 1.00 or 100% as it classifies all the query samples perfectly. 1 sample is
missed out in class 1(speaker 1) leading the accuracy to be 0.96 or 96%. And for
class 3 (speaker 3) 3 samples are classified wrong leading the accuracy to be 0.88 or

88%.

The classification report for these 3 classes as follows:

1284
237
61

accuracy
macro avg
weighted avg

precision

8.89
8.96
1.00

@.95
@.95

recall fi1-score

8.96 @.92
1.00 8.98
8.88 8.94

@.95
@.95 @.95
@.95 @.95

support

25
25
25

75
75
75

Figure 6.4: Classification report for 3 classes

According to the figure 6.4 above 1284, 237 and 61 respectively represent class
1(speaker 1), class 2(speaker 2) and class 3(speaker 3).The precision value is highest
for class 3. Class 2 has the maximum recall and f1-score. All of the classes have rel-
atively higher precision, recall and fl-score. The overall macro average of precision,
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recall and fl-score are 0.95 or 95%.

For 4 classes in Support set: Then we did a one-sample test for each of the four
untrained classes. We got an accuracy of 0.84 or 84%, after testing it.

Confusion matrix for 4 classes:
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Figure 6.5: Confusion matrix for 4 classes

Here in figure 6.5 the confusion matrix, it is shown that 3 samples are missed out
in class 1(speaker 1) and class 4(speaker 4) leading the accuracy to be 0.88 or 88%.
For class 2, 4 samples are incorrectly classified and the accuracy here is 0.84 or 84%.
For class 3 (speaker 3) 6 samples are classified wrong leading the accuracy to be
0.76 or 76%.

The classification report for these 4 classes as follows:

precision recall fil-score  support

1989 9.81 9.88 .85 25

1221 9.88 9.84 .86 25

158@ .86 9.76 9.81 25

2094 9.81 9.88 .85 25
accuracy 9.84 100
macro avg 9.84 9.84 9.84 108
weighted avg ©.84 ©.84 ©.84 100

Figure 6.6: Classification report for 4 classes

According to the figure 6.6 above 1089,1221,1580 and 2094 respectively represent
38class 1(speaker 1), class 2(speaker 2), class 3(speaker 3) and class 4(speaker 4).
The precision and fl-score are highest for class 2. The recall is highest for class
1 and class 4. All of the classes except have relatively higher precision, recall and
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fl1-score. The overall macro average of precision, recall and fl-score are 0.84 or 84%.
For 5 classes in Support set:

Finally, we expanded our support set to five classes (untrained) with one sample
each. We got an accuracy of 0.74, or 74%, after testing it. Which in our model, is
a bit low but we have future work introduced for this to get better accuracy.
Confusion matrix for 5 classes:
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Figure 6.7: Confusion matrix for 5 classes

Here in figure 6.7 the confusion matrix, it is shown that for class 4(speaker 4) the
accuracy is 1.00 or 100% as it classifies all the query samples perfectly. 6 samples
are missed out in class 1(speaker 1) and class 3(speaker 3) leading the accuracy to
be 0.76 or 76%. For class 2 (speaker 2) 8 samples are classified wrong leading the
accuracy to be 0.68 or 68% and lastly for class 5(speaker 5) 12 classes are incorrectly
classified leading to have the lowest accuracy of 0.52 or 52%.

The classification report for these 5 classes as follows:

precision recall f1l-score  support

1188 9.61 @.76 0.68 25

1284 9.94 @.68 0.79 25

1580 1.00 2.76 0.86 25

237 0.66 1.00 0.79 25

61 0.68 @.52 8.59 25

accuracy 8.74 125
macro avg 0.78 a.74 @.74 125
weighted avg .78 .74 @.74 125

Figure 6.8: Classification report for 5 classes

According to the figure 6.8 above 1188, 1284,1580, 237 and 61 respectively represent
class 1(speaker 1), class 2(speaker 2), class 3(speaker 3), class 4(speaker 4) and class
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5(speaker 5). The precision value is highest for class 3. The recall value is highest
for class 4 and fl-score is highest for class3. All of the classes have a mixture of
highest /lowest precision, recall and fl-score. The overall macro average of precision
is 0.78 or 78%. Overall macro average for recall and fl-score are 0.74 or 74%.

Combined Testing curve of proposed model in figure 6.9:

100 A

0.95 1

0.90 1

0.85 1

Accuracy

0.80 1

0.75 1

5 4 3 2
Number of classes in support set

Figure 6.9: Accuracy plot for all support sets

The below table 6.1 shows overall accuracy for each class and time taken for training:

Support class | Query samples | Accuracy | Training Time(s)
2 50 1.00
3 75 0.95
4 100 0.84 643
5 125 0.74

Table 6.1: Table for overall accuracy of proposed model

6.2 Combined analysis for other models

The aggregate categorization report for all models implemented is shown in the ta-

ble 6.2 below.
It is made up of accuracy for all classes. We may infer from this table that the

proposed model, i.e. one shot learning with siamese network, produces the greatest
scores among the others.
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Classifiers 2 classes | 3 classes | 4 classes | 5 classes | (avg)Training time(s)
Proposed Model 1 0.95 0.84 0.74 6.43
KNN 0.76 0.73 0.71 0.67 13.61
Random Forest 0.29 0.29 0.29 0.3 11.92
MLP 0.22 0.14 0.44 0.2 69.41

Table 6.2: Combined analysis for all the models

When we compare accuracy for two classes thatis shown in figure 6.10, we obtain
0.76 or 76% for the KNN classifier, 0.29 or 29% for the Random Forest classifier, and
0.22 or 22% for the MLP classifier. Our model, on the other hand, provides exact
accuracy of 1.0 or 100 %. When we compare accuracy for three classes, we get 0.73
(73%), 0.29 (29%), and 0.14 (14%), respectively, for the KNN, Random Forest, and
MLP classifiers. Our model, on the other hand, has a 0.95 or 95 percent accuracy.
When the KNN, Random Forest, and MLP classifiers are compared for four classes,
we get 0.71 (71%), 0.29 (29%), and 0.44 (44%), respectively. Our model, on the
other hand, has an accuracy of 0.84, or 84%. Lastly, we compared it for five classes
and obtained an accuracy of 0.67 or 67% for KNN classifier, 0.3 or 30% for Random
Forest classifier and 0.2 or 20% for MLP classifier. Here our model had an accuracy
of 0.74 or 74%. We also compared the training time for each of the models and on
an average got 6.43 seconds for our model, 13.61 seconds for KNN classifier, 11.92
seconds for Random Forest classifier and 69.41 seconds for MLP classifier.

Below is the accuracy graph for all the models:

—— Proposed model

KMN classifer

Random Forest Classifier
—— MLP classifier

10

0

Accuracy

04

0.2

2 3 3 5
Number of classes in support set

Figure 6.10: Graph for overall accuracy of all models
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Chapter 7

7.1 Future Work

In the future work, we will assess the model’s performance with a few additional
modifications and tunings for larger numbers of classes. A contractive auto-encoder
may also be used to extend the siamese network by learning a generalized embedding.
The embeddings computed are utilized to train a prototype embedding using pro-
totypical loss. This effort, we hope, will advance the implementation of the Siamese
network. We'll also test it out on an embedded system to see how it performs in
real-world scenarios.

7.2 Conclusion

In this paper, we explore the challenges of speaker recognition with limited training
samples. We developed a one-shot learning strategy based on triplet loss to deal with
the data shortage. As our supplied analysis and research statement demonstrate,
the speaker recognition task can be completed with extremely few resources. This
methodology will be useful in a variety of security situations when obtaining several
samples is difficult. Although, based on our research, we believe that this sector
may be utilized to verify new people who have never been seen previously. Self-
training or our suggested model "one-shot learning” exhibit a large performance
gain, as comprehensive experiments on a real-world dataset indicate minor variations
between classes or domains of each speech.
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